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A study aiming at the discrimination of basic tastes by measuring the variations of the electrical impedance of a sensor array is presented.

In the last decade many kinds of partially selective sensors have been developed, both for gaseous and liquid compounds, to be used into arrays capable of generating characteristic fingerprints of complex samples. Relevant data are analysed by pattern recognition techniques, mimicking the functionality of the human sense of smell and taste.

In the case of electronic tongues, three measurement techniques are mainly used for sample analysis, i.e. potentiometry, voltammetry and conductimetry.

In this work, the electrical impedance of a sensor array was measured at a frequency of 150 Hz by means of an impedance meter. The measurement process was automated; a mechanical arm and a rotating platform controlled by a data acquisition card and a dedicated software allowed the sequential dipping of sensors in the test solutions. The array was composed of five sensors of three different types based on carbon nanotubes or carbon black dispersed in polymeric matrices and doped polythiophenes.

Measurements were carried out on 15 different solutions representing the five basic tastes (sodium chloride, citric acid, glucose, glutamic acid and sodium dehydrocholate for salty, sour, sweet, umami and bitter respectively) at three concentration levels comprising the human perceptive range. More than one hundred measurements were carried out for each sample in a six month period to evaluate the system repeatability and robustness. A fairly good degree of discrimination was obtained analysing the data by linear and non linear pattern recognition techniques.

1.  Introduction

In the last fifteen years a new approach has been gaining importance within measurement technologies based on the use of arrays of partially selective sensors and multivariate analyses techniques (1). A fundamental stimulus to this kind of research was supplied by the food industry, for its need to forecast consumer satisfaction for new products without using expensive, slow and unreliable human panels. A large amount of literature is available on electronic noses, but only recently have similar concepts been described for analysis in liquids. Various measurement principles can be used for these so-called electronic tongues, such as voltammetric, potentiometric, conductometric or spectrophotometric techniques (2). The first method is based on the measurement of the potential between two electrodes with no current flow. Any potential developed between the electrodes is due to charge transfer between the solution and the electrodes, obtaining the equilibrium state. Voltammetry on the other hand is based on the measurement of current flow upon the application of a given potential waveform. By varying the form and the amplitude of the applied potential, one can obtain information on the nature of the solution under examination. In the third method, which is often used in conjunction with the other two, solution conductivity is measured using commercial conductivity meters. Aiming to integrate the electronic nose already developed in our lab and the electronic tongue, in the present work a different approach, based on the impedance measurement of various types of sensors, was chosen. Furthermore, this method allows us to increase the information content since it measures two parameters, amplitude and phase, for each experiment. 

2.  Material and methods 

Five sensors of three different types were prepared. In the first one, a gel system composed of a base material (polyvinyl alcohol) and a source supplier of charged groups (polyacrylic acid and polyallylamine respectively) was added to single walled carbon nanotubes. When carbon nanotubes are added to this gel, the electrostatic repulsion or attraction of the polymeric chains of the gels, caused by the diffusion of ions with the gel, changes the distance between the nanotubes particles, and hence alters the conductivity and capacitance of the composite.

In the second type carbon black, was dispersed in polymers (poly-l-lactide and 40% azobenzene substituted polylysine) according to the method described by Lonegarn (3).

The response mechanism of these sensors depends principally on the solubility of the components of the test solution within the pores of the carbon black/polymer matrix. Highly soluble components tend to swell the matrix thus varying the spacing between the conducting carbon black particles, and hence the electrical characteristics of the matrix itself. The main difference between the carbon black/polymer matrix and the nanotubes/gel composite is that in the former the matrix is hydrophobic, whereas in the latter it is hydrophilic. We should stress that these are the most likely sensing mechanisms, and other should not be excluded. While the present work was focused on the repeability of the measurements and the global discrimination capabilities of the systems, there is no doubt that the physical description of the mechanism of response of all array based sensing systems is of equal importance.

In the third case, an alkoxy-substituted polythiophene was doped with sodium dodecyl sulphonate (4). A reference sensor with the bare electrodes was also included in the array.

The electric impedance of the sensor array was monitored at a frequency of 150 Hz, which had been previously chosen on the basis of a preliminary set of measurements as capable of guaranteeing the best discrimination. An automated measurement system composed of an impedance meter, a mechanical arm, a rotating platform and a data acquisition card was designed and realized.

A multiplexer allowed the sequential scanning of the sensors for the impedance measurement, while the array was automatically dipped into the baseline and test solutions by the coordinated movements of mechanical arm and rotating platform. The whole device was controlled by a PC running a software developed in a Labview™ environment. A block diagram of the system is shown in figure 1.

[image: image1.jpg]SERVOL SERVO?

mechariral otating
am platform
SENSORS T T
ELECTRONIC
MULTIPLEXER  l¢———— CONTROL
BOARD
f 1 f
ANALOGUE | DATAACQUSITION [ covpuren
ot [+ carp





[image: image3.jpg]Eigenvector 2 (3% of variance)

Object scores on eigenvectors 1-2 (80% of total variance)

Salty Low

Acid High

Salty High

Acid middle

Salty middle

Eigenvector 1 (71% of variance)





3.  Results and discussion 

A high number of measurements was planned and carried out to assess the discrimination capabilities of the system and to avoid the risk of false classifications. Recently in fact, Goodner et al. (5) demonstrated the problems associated with over fitting data which can give rise to fictitious differentiation between samples according to their calculations. In order to obtain physically significant results, the ratio between the number of samples and the number of variables should be greater than six.

In particular, 106 repeated measurements were carried out on each of fifteen test solutions in six measurement campaigns spanning a six month period.

The solutions which represent the five basic tastes at three concentration levels, chosen so as to cover the human sensitivity range, were: 

1. Bitter-Sodium Dehydrocholate
0.0001M  0.001M  0.01M

2. Sweet-Glucose


0.001M
  0.01M
   0.1M

3. Umami-Glutamic Acid

0.001M
  0.01M
   0.06M

4. Salty-Sodium Chloride

0.001M
  0.01M
   0.1M

5. Acid-Citric Acid


0.005M
  0.05M
   0.5M

so fifteen different samples were tested. Five solutions were measured at each run, while the sixth available position on the rotating platform was occupied by distilled water. The following measurement protocol was adopted:

a) Sensors in ambient air, start of data acquisition;

b) Sensors dipped in distilled water;

c) Sensors in ambient air;

d) Sensors in solution 1;

e) New cycles a)-d) for solutions 2 to 5;

f) Sensors in ambient air;

g) Sensors dipped in distilled water;

h) Sensors in ambient air, stop data acquisition.

At the end of this run of measurements, 36 values of both modulus and phase were acquired for each solution relevant to air (16 data), distilled water (10 data) and solution (10 data). All the solutions were repeatedly measured in random order, and the data were inserted in a database.

Data analysis was carried out in three successive steps, namely feature extraction, principal component analysis (PCA) and artificial neural net (ANN). Feature extraction was carried out by submitting suitable queries to the database. After a few trials, it was decided to use the steady state values of both phase and modulus for all the sensors and these were used as input variables for the PCA algorithm.

Results of a PCA analysis performed on 450 measurements belonging to one of the experimental campaigns are shown in figure 2. Similar results could be obtained for each of the experimental campaigns, but if the whole set of data is considered the PCA plot becomes messy. In any case, it can be seen that this algorithm allows a good separation of the different type of samples, notwithstanding the high number of measurements.

To overcome this problem and to obtain an idea of the number of possible correct classifications achievable by this system, a third data processing step was added.



The values of the first 5 principal components were fed as input to a three-layer perceptron based on the back propagation algorithm. 

The whole set of 1590 measurements (106 repeated measurements × 15 solutions) was randomly split in three homogeneous subsets that were used to train and test the net and to evaluate the percentage of correct classifications. 
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The results are reported in table II. There are a significant number of cases in which the net was not able to give a response (2nd column), but the rate of correct answers in case of a response is very promising. The system is currently under evaluation and the data set is being continuously increased.

4. Conclusions

An artificial tongue based on impedance measurements is reported. The device uses a variety of sensors which have different response mechanisms. Solution identification was performed using a three-step pattern recognition technique, with acceptable results. The authors are confident that solution discrimination can be improved through the use of a larger array and more sophisticated data processing methods. 
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